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Abstract
Motivated by the increasing role of trade in global economic developments, this paper derives
novel econometric methods to forecast global trade by exploiting the relationship between
economic activity and trade itself. Consistently with theoretical predictions, we empirically
document that the relation between trade and economic activity changes along the business
cycle - the stronger the cycle the larger their elasticity. Such cyclicality depends on the
low-frequency components of trade and GDP and a linear relationship holds once those
components are ﬁltered out. These empirical ﬁndings are exploited in an out-of-sample real
time forecasting exercise that map GDP forecasts, for which rather accurate and timely
projections are available, into world trade forecast. Both by modelling explicitly the cyclical
trade-GDP relationship as well as linearizing it, we obtain predictions that are vividly more
accurate than naive linear models and nearly halve the forecast error of the IMF-WEO.
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Introduction

In the last decades the dramatic reduction of trade barriers and coordination and communication
costs triggered an unprecedented wave of international economic integration (Baldwin and LopezGonzalez, 2015). Nowadays the value of bilateral trade ﬂows between major world regions is greater
than their product (World Bank, 2020) and world trade accounts for almost 30% of total GDP, 10
percentage points more than in the early 1990s.
In this context, forecasting international trade has become more pivotal than ever. The high
degree of interdependency between countries have made world trade a key variable in predicting the
level of economic activity in each country. As a matter of fact, the positive association between the
degree of GDP comovement and trade is much stronger today than it was in the past (Frankel and
Rose, 1998; Kose and Yi, 2006; De Soyres and Gaillard, 2019).
Albeit its importance, forecasting trade is not an easy task. Indeed, forecast accuracy is much
higher when the target variable is GDP instead of trade, as evident, for example, by looking at the
economic projections made by the IMF in the last two decades (Table 1). This feature holds both for
current year and next year forecast horizon.
In recent years, many contributions have proposed diﬀerent approaches for tracking and
nowcasting global trade (Guichard and Rusticelli, 2011;Golinelli and Parigi, 2014; Cantú-Bazaldúa,
2020; Martínez-Martín and Rusticelli, 2021); other works have focused on the long trend evolution
of trade and economic activity (Fontagné et al., 2017 ). Nevertheless, predicting global trade ﬂows
over mid-term horizons (1 or 2 years) remains a challenging task and, at the same time, a very
relevant objective, given the importance of these projections for policy decisions.

MAD
MAD std
MSE
MSE std

GDP h = 0
1.11
0.99
1.00
0.89

GDP h = 1
1.31
1.16
1.44
1.29

Trade h = 0
4.87
1.15
21.4
5.04

Trade h = 1
5.81
1.37
30.79
7.25

Table 1: Forecast accuracy of IMF projections.
The table reports, for the sample 1985-2018, the mean square error (MSE) and mean absolute distance (MAD) of the IMF-WEO projections relative to the
current year and next year, for both world GDP and world trade. Both a raw measure and a measure normalized by the scale of the target variable (std) are
reported.
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In this work we propose a novel approach to forecast global trade up to two years ahead by
exploiting information available on the future evolution of global economic activity. We show that
trade forecasts accuracy signiﬁcantly improves if the model explicitly takes into account the fact
that the growth rate of trade in relation to that of GDP – i.e. the income elasticity of trade (henceforth
IET) – is correlated with business cycle conditions.1
As shown in Borin et al. (2017), the non-linear behaviour of IET derives from the higher volatility
of trade as compared to GDP (Backus et al., 1993) and from its positive correlation with the business
cycle (Heathcote and Perri, 2002; Engel and Wang, 2011).2 IET cyclical properties are conﬁrmed
with a quantile regression analysis (Koenker and Bassett, 1978). We also highlight that a necessary
condition for IET non-linearity is the presence of a long-run component in trade and GDP, as also
suggested by a stylized model that describes the aggregate trade-GDP relation. Indeed once the longrun components are removed from the variables, the IET becomes linear.
A natural way to model the cyclicality of the IET would be to use a time-varying parameter
(TVP) model. This approach delivers a very good in-sample ﬁt of trade growth. However, it cannot
accommodate rapid variations in the parameters at the end of the sample, induced by changes in
business-cycle conditions, which is a crucial requirement for out-of-sample predictions. For this
reason, we rely on the State Dependent Parameter model (SDP) proposed by Young et al. (2001),
which allows the IET to vary explicitly according to a conditioning state and it is consequently truly
non-linear.
Although the SDP performs extremely well both in- and out-of-sample, it might not prove
robust enough when economic conditions are far from the past observational space that is
employed by the model in estimation and then forecasting. Moreover, a reliable proxy for the
unobservable state of the economy could be hardly available at the next year horizon. For both
reasons, we also propose an alternative approach: we deal with non-linearity through the removal
of the low-frequency component of trade and GDP by means of wavelet analysis. As shown in a
1

The analysis of the income elasticity of trade has been at the centre stage of the recent policy debate on the 2011-2015
global trade slowdown. See IRC Trade Task Force (2016), IMF (2016) and OECD (2016).
2
In Appendix A, we provide evidence on the diﬀerent degree of volatility as well as on the business cycle comovement
between the two variables both at the quarterly and annual frequency through wavelet multiresolution analysis (Mallat,
1989).
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simple theoretical framework, this allows to model the relation between the cyclical component of
trade and GDP with a simple linear model (LITEW - Linearized Income-Trade Elasticity through
Wavelets). Then, the low frequency component of trade – modeled as a time-varying trend – is
simply added to the predicted cyclical component of trade.
The in-sample analysis shows that both models – SDP and LITEW – outperform a linear one
that does not take into account the cyclicality of IET. Out-of sample analysis conﬁrms that nonlinearity greatly improves the accuracy of the forecasts. Moreover, both SDP and LITEW models
halve the mean square error of the IMF-World Economic Outlook projections, which represent a
key benchmark for both the policy makers and the private sector.
The contribution of this work is twofold. First, we propose a novel approach to predict global
trade - a key macroeconomic variable - up to two years ahead. By exploiting the cyclicality of the IET,
we show how very parsimonious models can signiﬁcantly reduce forecast errors on world trade, both
at the current and next year horizon. Second, we adopt two models (the SDP and the LITEW) that
might be useful in other context. In particular, to the best of our knowledge, it is the ﬁrst time that the
SDP model is used in the economic literature. The most popular non-linear approaches employed in
economics rely on relatively smooth changes in a latent state or on Bayesian time-varying estimation,
which, as previously mentioned, cannot accommodate abrupt variations in parameters at the end of
the sample.3 Additionally, the SDP model does not require the functional form of the non-linearity
to be known a priori, as it is estimated from the data. Therefore, the SDP is very promising to model
all those setups where economic theory (or prior empirical evidence) suggests that the relationship
between the variables of interest may vary rapidly in dependence of observables.
The rest of the paper is organized as follows. In Section 2 we present the properties of the IET that
will be exploited to forecast global trade. Section 3 presents the data used in the analysis. In Section
4 we provide descriptive evidence on the properties of the ITE at the base of our modelling strategy
and show in-sample ﬁt of the SDP and the LITEW models. Sections 5 and 6 perform out-of-sample
analysis and robustness exercises. Section 7 concludes.

3

The only exception is Dendramis et al. (2020) who develop a similarity based forecasting approach.
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2

Trade-GDP relationship: insights for trade forecasting

Forecasting trade would be much easier if we had timely information on the dynamics of the demand
for each product in a given market, which is the dimension that international trade theory usually
focuses on. Instead, leading indicators and timely forecast about demand and economic activity are
in general available only at aggregate level. In order to exploit this information in trade forecasting,
we need to understand how the diﬀerent composition of aggregate demand and trade may shape the
IET at the business cycle frequency.
In particular, two main empirical regularities are worth noting: i) the unit of traded
goods/services per unit of ﬁnal demand, i.e. trade intensity, is highly heterogeneous across diﬀerent
demand components; ii) trade intensive demand components tend to be more pro-cyclical as
compared to the others (Backus et al., 1993).
Two diﬀerent approaches have been proposed in the literature to deal with the eﬀect of demand
composition on the analysis of IET at the aggregate level. The ﬁrst one is to consider a proxy of
demand that corrects for diﬀerent trade intensity of demand components. In particular, Bussiere
et al. (2013) propose to take into account the trade intensity of three main demand components
(consumption, investment and exports) and Auboin and Borino (2017) show that the income
elasticity of trade tend to be more stable over time when considering this trade-weighted proxy of
demand instead of GDP. Despite the helpful insights for in-sample analyses, in order to use this
approach for out-of-sample forecasts, we would need timely information on the evolution of each
demand component, which are not always available. The second approach is that proposed by Borin
et al. (2017): instead of focusing on “cycle-corrected” measures of demand, they analyze the eﬀect of
the business cycle on demand-trade relationship to unravel the cyclicality of the income elasticity of
trade.

Here we exploit this latter approach – which is more parsimonious and suited for

out-of-sample forecasting – to improve existing trade forecasts.
Drawing from Borin et al. (2017), here we show analytically that the IET is a function of cyclical
shocks. Denote by M (S) the sector producing tradeable (non-tradeable) goods and, for each sector
j ∈ {M, S} of country n, denote by dˆn,t (j) the growth rate (calculated as log-change) of the domestic
demand for the goods of sector j by country n at time (quarter or year) t. Assume now that the two
5

growth rates dˆn,t (j) are aﬀected by diﬀerent long-run trends and by cyclical shocks with diﬀerent
volatility that, for the sake of simplicity, are perfectly correlated. Thus, if we let εt be the zero-mean
shock hitting the economy at time t, we assume that:

 dˆ (M ) = g + βε
m
n,t
t
,
 dˆ (S) = g + ε
s

n,t

t

where β ≥ 1 reﬂects the higher volatility of the demand for tradeable goods and gj ≥ 0 is the
long-run trend growth of sector j, with j ∈ {M, S}.
Under these assumptions, the IET has the following expression:
ηn,t =

gm + βεt


for εt 6= ε̄t ,
gm + ωn,t (S)(gs − gm ) + β − ωn,t (S) (β − 1) εt

(1)

where ωn,t (S) ∈ (0, 1) is the weight of the sector producing non-tradeable goods on the total
expenditure of country n at time t and ε̄t is the value of the shock εt at which the denominator of
equation (1) is zero.4
Figure 1 shows the behavior of the IET as a function of the cyclycal shocks εt , providing a visual
impression of the relationship between trade and income over the business cycle.
Two features of the IET are worth noting for our forecasting excercise: (i) IET is procyclical in
both (−∞, ε̄t ) and (ε̄t , +∞), as it is increasing in εt in those two intervals, even though it is not
procyclical across the whole domain of the cyclical shock (see Fig. 1); (ii) if we exclude the trend
component from trade and aggregate demand (gm = gs = 0), the income elasticity of trade does
β
not depend on εt anymore, i.e. it is constant in the short run and it is equal to β−ω (S)(β−1)
.
n,t
As the realization of cyclical shocks at the global level – proxied by ﬁltered GDP growth – for

quarterly and annual frequencies have almost always lied in the interval (ε̄t , +∞),5 in order to
analyze the IET in normal times the relevant branch of the hyperbola represented in Figure 1 is the
lower one. Then, in most of the cases we may assume that the income elasticity of trade is positively
related with business cycle conditions. Nevertheless, we have also to be aware that this relationship
4
5

It can be shown that this is equal to ε̄t = − [gm + ωn,t (S)(gs − gm )] /[β − ωn,t (S) (β − 1)].
The only exceptions in recent history are 2008:Q4 and 2020:Q1-Q2.
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may not hold in special cases when world trade and/or GDP growth rates turn negative, as during
the Great Financial Crisis and the Covid-19 crisis. Moreover, point (ii) above entails that by
excluding trend components from trade and GDP, we may assume a constant short-run income
elasticity of trade.
In the following sections, we test whether the implications of this conceptual framework are
empirically veriﬁed for global trade and GDP data. Then, we exploit these results to derive diﬀerent
econometric methods that use information on business cycle conditions and GDP forecasts to predict
global trade.
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Figure 1: Income elasticity of trade and cyclical shocks
Source: Borin et al. (2017).
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Data

The in-sample analysis employs both quarterly and annual data on global trade and GDP growth.
The quarterly dataset spans from 1970:Q1 to 2018:Q4 and it is constructed by using data from the
National Institute of Economic and Social Research (NIESR) for the older part of the sample and from
the ECB for the most recent one. The annual dataset, built on IMF data, spans from 1980 to 2019.
Global GDP (GDPt ) and trade, represented by imports Mt , are the two crucial variables employed in
the analysis as (quarterly or annual) growth rates. We deﬁne gdpt = log (GDPt ) and mt = log (Mt )
7

and their growth rate as ∆gdpt = gdpt − gdpt−1 and ∆mt = mt − mt−1 , respectively.

4

Trade-GDP relation and modelling strategy

In this section we provide evidence on the cyclical trade-to-income elasticity, by means of a quantile
regression (Section 4.1) and a very ﬂexible non-linear model, the SDP model, which generalizes
most non-linear models typically employed in econometrics (Section 4.2). Then, exploiting another
property of IET, we also model the trade-GDP relationship as linear, after removing low-frequency
components of trade and GDP growth from the variables (Section 4.3). Finally, we summarize the
in-sample ﬁt of these models in Section 4.4.

4.1

Quantile regression analysis

By using quantile regressions, we analyze the relationship between trade and GDP across the diﬀerent
quantiles of the distribution of GDP. The coeﬃcients from the quantile regression of interest are
formally given by:

β̂q = arg min
βq

0 h
X

i
q1(y ≥x β) |yt − xt βq |+ (1 − q) 1(y <x β) |yt − xt βq |
t t
t t

(2)

t=1

where q ∈ (0, 1) represents the quantile of interest and 1(.) denotes the indicator function. The
predicted value from this regression is given by

Q̂y /x (q/xt ) = xt β̂q
t t

(3)

In the present analysis, yt = ∆gdpt and xt = ∆mt .
As the economic concept of interest is IET, we consider β̃q = β̂ −1
q that constitute an innocuous
transformation in a bivariate setting (the quantiles of GDP are resorted accordingly). Figures 2 and 3
show the results for both quarterly and annual data, which provide the same qualitative insights: the
quarterly (annual) elasticity of trade-to-GDP increases with GDP and ranges between 1.6 (1) and 4.2
(2.8). In addition, as shown in Figure 4, when the long-run components are removed from both trade
8

and GDP, the IET becomes linear, in line with the results of the stylized model presented in Section
2.

Figure 2: Quantile Regression - Quarterly Data
The plot reports the quantile regression estimates of the trade-GDP elasticity. Data Source: NIERS and ECB.

Figure 3: Quantile Regression - Annual Data
The plot reports the quantile regression estimates the trade-GDP elasticity. Data Source: IMF.
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Figure 4: Quantile Regression - Cyclical Components at Annual Frequency
The plot reports the quantile regression estimates of trade-GDP cleansed from their long run components. Data Source: IMF.

4.2

State Dependent Parameter Model

To explicitly model the cyclicality of IET, we use the State Dependent Parameter (SDP) model
proposed by Young et al. (2001). The SDP model builds upon the state space representation of
time-varying parameters (TVP) models where the parameters are the states themselves. However,
TVP cannot accommodate rapid variations in the parameters but only slow ones (e.g. structural
changes) and thus they are not appropriate in a framework where IET changes with cyclical
conditions. Contrary to the traditional TVP models, the SDP allows the IET to vary explicitly
according to a conditioning state and it is consequently truly non-linear. Importantly, the model
exploits an observable state to model the parametric change and thus allows us to obtain an
economically meaningful object. The model can be represented as
∆mt = βt (st ) ∆gdpt + εt

εt ∼ w.n.

(4)

where the state st determines the variations in the parameter βt . Thus, βt is not only time-varying but
its dynamics depends on the dynamics of st . The estimation of this model cannot be achieved directly
10

without a priori assumption of the functional form linking βt and st . Thus, the estimation exploits
a reordering of the observations according to st and applying a time-varying parameters estimation to
the re-sorted data. We formalize the modelling framework below.
Model. Young (2012) and Young et al. (2001) proposes to model βt (and potentially other
parameters, such as a constant) as a two dimensional stochastic state vector xt = (lt

dt )0 , where

lt and dt are, respectively, level and slope whose evolution follows a generalized random walk
(GRW) process deﬁned in the State Space (SS) formulation
xi,t = Fi xi,t−1 + Gi ηi,t
where


Fi = 

α β
0 γ



i = 1, 2, . . . , m



,

Gi = 

δ 0
0 ε

(5)




(6)

and ηi,t is a 2 × 1, white noise vector with covariance matrix Qηi . The overall model, that includes
a time-varying constant, can be represented as
Observation Equation

: yt = Ht xt + et

State Equations

: xt = Fxt−1 + Gηt

et ∼ N (0, σ 2 )

(7)

Deﬁne n the number of parameters included in the model, then p = 2n, and F is a p × p block
diagonal with blocks deﬁned by the Fi matrices in (5). G is a p × p block diagonal matrix with
blocks deﬁned by the corresponding sub-system matrices Gi in (5). ηt is a p dimensional vector
containing, in appropriate locations, the system disturbances ηi,t that provide the stochastic stimulus
for parametric change in the model, are assumed to be independent of the observation noise et , and
have a covariance matrix Q formed from the combination of the individual covariance matrices Qη,i .
Finally, Ht is a 1 × p that relates the scalar observation yt to the state variables.
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Forward Pass Filtering Equations.

Within the model described above, the prediction equations

are given by
x̂t|t−1 = Fx̂t−1
Pt|t−1 = FPt−1 + GQr

(8)

G0

The correction equations are given by
x̂t|t−1 + Pt|t−1 H0t

h

i−1 
0
1 + Ht Pt|t−1 Ht
yt

− Ht x̂t|t−1
h
i−1
P̂t = Pt|t−1 − Pt|t−1 H0t 1 + Ht Pt|t−1 H0t
Ht Pt|t−1
x̂t =


(9)

Within the model described above, the FIS

Backward Pass Fixed Interval Smoothing (FIS).
procedure is characterized by the following equations:

h
i
x̂t|T = F−1 x̂t+1|T + GQr G0 Lt

0 

Lt = I − Pt+1 H0t+1 Ht+1 F0 Lt+1 − H0t+1 {yt+1 − Ht+1 x̂t+1 }
h
i
−1
P̂t|T = Pt + Pt F0 P−1
P
−
P
t+1|T
t+1|t Pt+1|t FP̂t
t+1|t

(10)

with LT = 0, with T the sample size. The n × n Noise Variance Ratio (NVR) matrix Qr and the
n × n matrix P̂t are deﬁned as follows,
Q
Qr = 2
σ

;

P̂t =

P∗t
σ2

where P∗t is the estimated uncertainty in the parameters.
Estimation Algorithm.

The estimation of the SDP model is performed as follows:

1. Sort both ∆mt and ∆yt according to the values of the state st , which becomes a new “artiﬁcial
time index” employed in the time-varying estimation in 2.
2. The state dependence βt (st ) is estimated non-parametrically according to FIS described in
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(10). The hyper-parameters are optimized according to a prediction error decomposition.6
We consider several candidates for st . First, we use the raw growth rate of world GDP (∆gdpt ).
Second, we extract the cyclical component of GDP (2 to 16 years) through wavelet analysis (∆gdpct ).
Third, we employ the growth rate of investment, which is a trade intensive component of GDP ,
exclusively focusing on annual data due to data limitation.

Finally, we exploit the Markit

Manufacturing Purchasing Managers Index on New Export Orders (pmi), a good candidate for a
timely proxy of cyclical conditions. In fact, pmi is a relative measure of how export orders are
performing compared to the previous month.7
The estimation recovers a relationship that is strongly dependent on cyclical conditions both for
quarterly and annual data, as shown in Figures 5 and 6 for our preferred proxy of st , i.e. pmi.
Moreover, it is robust to the use of the diﬀerent state variables mentioned above.8 The quarterly
analysis in Figure 5, which can exploit a richer sample, displays clearly the two branches of the
hyperbola documented in Section 2: the IET is high when the cycle is strongly positive and strongly
negative – i.e. very high and very low realizations of the pmi, respectively – and low when the cycle
is weak – i.e. pmi between 45 and the expansion threshold of 50. 9

6

The model is implemented through the CAPTAIN Toolbox.
Notice that the exercise takes into account the one-month lag of the release of pmi. The Markit Composite Purchasing
Managers Index on New Orders, proves to be equivalent in this analysis.
8
Results for GDP, GDP cycle and investment as proxies of the conditioning state, reported in Appendix B, are
consistent with those for pmi. When using annual data, the year 2009 is excluded from the analysis because it constitutes
a very peculiar case that dominates all the other observations.
9
Notice that the IET recovered by the model is a ‘pseudo elasticity’ because a deterministic constant is included.
7
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Figure 5: SDP model with PMI as state variable - Quarterly Frequency
The plot reports the estimated parameters from the SDP model as a function of the conditioning state (upper plots) and as a function of time (lower plots). Data
Source: NIESR, ECB, and Markit.

Figure 6: State Dependent Model with PMI as state variable - Annual Frequency
The plot reports the estimated parameters from the SDP model as a function of the conditioning state (left-hand side) and as a function of time (right-hand
side). Data Source: IMF and Markit.

4.3

Trade-Income Elasticity Linearized through Wavelets (LITEW)

The results in Figure 4 show that the relationship between ∆mt and ∆gdpt becomes linear once
the low-frequency components are removed from the variables, consistently with the analytical
14

framework in Section 2. Building upon this feature of the IET, we propose an approach that exploits
wavelet analysis to linearize the IET, labeled LITEW (Trade-Income Elasticity Linearized through
Wavelets). The approach is comprised of the following steps.
LITEW Algorithm
1. Decompose ∆mt and ∆gdpt into a low-frequency component (∆mt ) and into a cyclical
~ t ) through wavelets. The maximal overlap wavelet transform
component (∆m
~ t and ∆gdp
(using the Haar wavelet ﬁlter) decomposes the times series Xt recursively into a
high-frequency component D and a low-frequency component S up to the scale parameter J
as:
Xt =

J
X

Dj,t + SJ,t

j=1

where these coeﬃcients are given by:
Dj,t =
SJ,t =

1
2j
1
2J



P2j−1 −1

Xt−i
i=0
P2J −1
i=0 Xt−i .

−

P2j −1

i=2j−1


Xt−i ,

The low-frequency component is deﬁned by the frequency bands beyond than 16 years,
meaning that we select J = 4.
~ t and obtain ∆
[
2. Perform the linear regression (OLS) ∆m
~ t on ∆gdp
m
~ t.
3. Model the low-frequency component ∆mt as a time-varying trend Tt with a dynamic linear
regression represented by
ε ∼ w.n.
∆mt = Tt + εt


 t
  
T
1 1
T
0
  t−1  +   ηt
 t  = 
∇Tt
0 1
∇Tt−1
1

(11)



ηt ∼ w.n.

(12)

where ∇Tt is the delta in Tt . ∆mt is assumed to be slow moving and this property is satisﬁed
by construction due to the low-frequency of this component. The model yields the predicted
15

[t .
values ∆m
[
[t + ∆
4. The best prediction of ∆mt is then given by ∆m∗t = ∆m
m
~ t.

4.4

In-Sample Fit Summary

A summary statistic of the in-sample ﬁt of several annual models is reported in Table 2. Column
(1) reports the results for a linear model, column (2) for a TVP model and (3) for the SDP model
with diﬀerent conditioning states that drive the non-linear trade-GDP relationship as described in
4.2. Column (4) reports the results from the LITEW approach. The LITEW and the SDP model outperforms the linear model and display similar goodness of ﬁt, which is very high considering that
the model is speciﬁed in growth rates. The TVP model delivers a very good in-sample ﬁt, in line
with the one of the SDP. However, in the next section we will show that TVP is much less suited for
out-of-sample forecasts.
Besides the diﬀerences in relative performances between the LITEW and SDP, the SDP model can
provide an easier narrative and economic interpretation, although it may suﬀer when the state of the
economic is far from any previous observation, such as in the case of the Covid-19 crisis. In those
cases, the LITEW, which relies on a less structured approach, may provide more robust forecast.
(1) OLS
R2

0.68

(2) TVP
0.93

∆gdpt
0.94

(3) SDP
∆gdpct
0.93

(3) LITEW
pmi
0.93

0.84

Table 2: In-Sample Fit of World Trade growth
The table reports the explanatory power (R2 ) for world trade growth rate of several modeling strategies. Data Source: IMF & Markit.

5

Out-of-Sample Performance

The out-of-sample exercise is performed in real-time by combining the latest vintage of data on
realized GDP and trade, which are employed for the estimation of the parameters, with an
16

exogenous input, i. e. a projection of GDP that acts as a proxy for the yet unobserved realization of
GDP in the current or next year. At each point in time, the data employed comes from the latest
IMF-WEO vintage. The real-time fashion of this exercise is paramount as world trade data is subject
to large revisions due to both the measurement error in imports data as well as to updates in the
country aggregation weights. For instance, the revision of world trade growth rates (1981-2009) in
the IMF 2020 vintage, compared to the vintage released in 2010, is on average about 0.5 percentage
points, with peaks of 1.7. Consequently, a pseudo-real time exercise could not be considered a valid
approximation of a real-time exercise. The shortcoming that we face is that a real-time exercise can
be performed only at the annual frequencies, which is the frequency of data released by the IMF.
GDP projections are taken from Consensus Forecast (CF) and not from the IMF itself for two
reasons. First, CF data is released every month and thus allows us a timely update of the projection
on global economic conditions. Second, the realized data and the GDP forecasts are provided by two
independent sources. Figure 7 outline the information set employed at each month, given the release
schedule of the IMF-WEO data.
new release every month
Consensus GDP Forecasts
Jan

F eb

M ar

previous Fall

Apr

M ay

Jun

Jul

Aug

Sep

Spring

Oct

N ov

Dec

Fall

month
IMF-WEO vintage (GDP,M)

Figure 7: Timeline of the information set employed in the forecasting exercise

The exercise is repeated for the linear regression, the TVP model, the SDP model that employs
three state variables (∆gdpt ; ∆gdpct , i.e. the cyclical component up to 8 years; pmi), and the LITEW
approach. The performance of the models is evaluated by using the realized trade data from the latest
IMF WEO vintage (October 2019). The results are reported in Table 3. The SDP model with PMI as
state variable is the best performing one for what concerns the current year forecast, whereas the
LITEW model outperforms the others in the next year forecast exercise. As already discussed, TVP
model forecasts are not particularly accurate.
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Model

Current Year
M AD
MAD MSE M AD(Linear)

Linear
TVP
SDP ∆gdp
SDP ∆gdpc
SDP pmi
LITEW
IMF Projection

1.86
1.89
1.56
1.43
1.39
1.38
1.74

Model

MAD

Linear
TVP
SDP ∆gdp
SDP ∆gdpc
SDP pmi
LITEW
IMF Projection

2.5
2.3
2.43
2.41
n.a.
1.67
2.12

4.97
1
9.31
1.02
4
0.84
3.56
0.77
3.38
0.75
5.27
0.74
6.6
0.94
Next Year
M AD
MSE M AD(Linear)
8.21
7.45
7.42
7.38
n.a.
3.76
6.18

1
0.91
0.96
0.96
n.a.
0.66
0.84

M SE
M SE(Linear)

p-value DM test

1
1.87
0.80
0.72
0.68
1.06
1.33

0.00
0.00
0.00
0.09
n.a.
0.03
0.02

M SE
M SE(Linear)

1
0.91
0.9
0.9
n.a.
0.46
0.75

0.00
0.00
0.00
0.00
n.a.
n.a.
0.00

Table 3: Out-of-Sample Performances
The table reports the performances of several model in forecasting trade growth rate in the current and next year in raw values, and value normalized by the
forecast error of the linear model. The p-value of Diebold-Mariano test is run for the forecast error of each model against the best model for each horizon (SDP
pmi for time t and LITEW for time t+1). Data Source: IMF, Consensus Forecast, and Markit.

Figure 8-9 display the forecasts (and realized trade) in the upper plot and the forecast error in
the lower one, for the current and next year respectively. Regarding the current year, the SDP model
outperforms the linear model throughout the all sample (but for 2017). The largest gains occur in
2015-2016 as well as 2018 and 2019. The latter year is particularly striking due to diﬀerence between
the linear model – in line with the IMF forecast at the beginning of the year – and the non-linear one.
Regarding the next year forecast, LITEW greatly outperforms the linear framework and the IMF in
forecasting trade over the whole sample but 2017-2018.
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Figure 8: Forecasts for Current Year
The plot reports the forecast and forecast errors for the current year comparing the linear with the best model. Data Source: IMF and Consensus Forecast.
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Figure 9: Forecasts for Next Year
The plot reports the forecast and forecast errors for the next year comparing the linear with the best model. The x-axis refers to the year in which the forecast is
made. Data Source: IMF and Consensus Forecast.

5.1

Decomposition of Forecast Errors

Forecast errors in world trade can be decomposed into forecast errors in GDP, forecast errors in the
IET and a mixed term that captures the correlation between the two. We can thus draw useful insights
on the source of the diﬀerent forecasting performances of the models employed. In Table 10 we report
the average contribution of the diﬀerent components of the forecast error. As we may notice, total
MSE is almost entirely attributable to the IET component, which is lower for SDP and LITEW as
compared to IMF projections and simpler models. In Figure 10, we display the decomposition over
time for the best models versus the linear model.
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Model
Linear
TVP
SDP ∆gdp
SDP ∆gdpc
SDP pmi***
LITEW
IMF Projection
Model
Linear
TVP
SDP ∆gdp
SDP ∆gdpc
SDP pmi
LITEW***
IMF Projection

Current Year
Total MSE GDP Elasticity
5.0
0.6
4.4
9.3
0.3
6.5
4.0
0.5
2.7
3.6
0.5
2.2
3.4
0.5
2.3
5.3
0.4
3.0
6.6
0.5
5.6
Next Year
Total MSE GDP Elasticity
8.2
0.4
6.7
7.4
0.3
5.2
7.4
0.3
5.3
7.4
0.3
5.3
9.5
0.4
7.3
3.8
0.3
2.5
6.2
0.4
5.1

Mixed term
0.0
2.4
0.8
0.9
0.6
1.8
0.6
Mixed term
1.1
1.9
1.8
1.8
1.9
1.0
0.7

Table 4: Decomposition of Forecast Error
The table reports the decomposition of world trade forecast error of the models tested.
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Figure 10: Forecasts Error Decomposition
The plot reports the forecast error decomposition comparing the linear with the best model. The x-axis refers to the year in which the forecast is made.

6

Robustness and Additional Exercise

We repeat both our in-sample analysis as well as the out-of-sample analysis by substituting wavelet
analysis with the Hodrick-Prescott (HP) ﬁlter. Regarding the former, results are similar to our
baseline. Regarding the latter, the HP ﬁlter undermines the forecasting performances of our
approaches due to the well know end-of-sample problems that it suﬀers. Results are reported in
Appendix C.
An alternative way to correct for variations in elasticity is to introduce a timely proxy for cyclical
conditions, i.e. the PMI, into the linear model. The forecast accuracy for the current year, the only
metric aﬀected in this robustness exercise, albeit similar, is lower than our workhorse model (SDP).
We do not follow this approach since it cannot provide accurate forecast for the next year horizon.
Results are reported in Appendix C.
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We also test the in-sample ﬁt of smooth transition regression model pioneered by Teräsvirta
(1994). However, it performs signiﬁcantly worse than our proposed approaches (R2 = 0.78). The
smooth transition model performs identically across the three states that we propose (∆gdpt ;
∆gdpct , and pmi).10
Finally, we test the out-of-sample performances of a VECM including world real GDP and world
real imports. The model includes 4 lags and imposes one cointegration relationship. The forecasting
performances of the VECM in our real-time exercise are signiﬁcantly worse than the SDP and LITEW
(MAD 2.63 and MSE 8.67 in the current year; MAD 2.79 and MSE 9.9 in the next year).

7

Conclusions

Forecasting trade is increasingly important but remarkably diﬃcult. Diﬀerently from previous
contributions that focus on either tracking and nowcasting global trade or the evolution of trade
and economic activity in the long-run, we forecast trade at the mid-term horizon, which is key for
policy decisions.
We propose two approaches to forecast world trade growth by exploiting the features of the trade
elasticity to global output. Our parsimonious and theoretically motivated approaches signiﬁcantly
improve forecast accuracy of naive linear models and the IMF WEO projections.
The ﬁrst approach (state dependent parameter) models explicitly the parameter linking world
trade growth and GDP growth as a function of cyclical conditions. The second approach (LITEW)
linearizes the relationship between the two variables by ﬁltering out their long-run components by
means of wavelet multiresolution analysis.
The approaches presented in this work are particularly suitable for scenario analysis, as they allow
mapping assumptions on the growth of GDP into trade growth exploiting the cyclicality of the income
elasticity of trade. Moreover, we oﬀer a novel approach in global trade forecasting that might enrich
the toolbox of the institutions that deal with this issue. Finally, the state dependent model, for the
ﬁrst time employed in the ﬁeld of economics, is very promising to model non-linear relationships
between economic variables that vary abruptly.
10

Results are available upon request.
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A

Trade and GDP growth properties

This Appendix provides evidence on the properties of trade and GDP growth through wavelet
analysis. This properties are crucial for the IET to be non-linear, as shown in Borin et al. (2017).
Wavelets decompose a time series across frequencies and over time (i.e. locally) and are
consequently robust to non-stationarity, structural breaks, and outliers (contrary to Fourier
analysis). Instead of being a pure representation of a series in the time (observation representation)
or frequency domain (Fourier representation), wavelets can be regarded as an intermediate
representation over time and frequency.
Wavelet multiresolution analysis has similar properties to the bandpass ﬁlter (Baxter and King,
1999) but it is superior due to their local nature (Yogo, 2008). Moreover, compared to the ﬁlters
commonly applied in economics, wavelets have better end of sample properties (Aprigliano, 2011).
Figures 11-13 display the wavelet coherence plot of world GDP and world trade at the quarterly
and annual frequency, respectively. Naturally, the quarterly data is richer as it provides information
on higher frequency movements than annual data. Despite this asymmetry, the two ﬁgures provide
consistent insights on the business-cycle comovement between the two variables, which is very
strong, as well as on their low-frequency divergence. To further explore their relationship across
frequency bands, we plot the frequency components of world trade-GDP in Figures 12-14. Tables
5-6 report the variance contribution from each frequency bands as well as their correlations
(Figures 12-14 display the behavior of time these components). Based on the evidence on the
cyclical comovement of the two variables, coupled with their long-run divergence, the possibility of
relating GDP and trade exclusively using their cyclical component is explored in Section 4.3.
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Figure 11: Wavelet Coherence - Quarterly Data
The plot reports the wavelet coherence of quarterly global GDP and global trade, which measures the comovement between these two variables across time
(x-axis) and frequency (y-axis). Warmer colors indicate higher comovement as represented in the colobar on the right-hand side. The direction of the arrows
(subject to a coherence threshold of 0.75) corresponds to the phase lag on the unit circle. For example a rightward arrow indicates 0 lag; a bottom-right arrow
indicates a small lead of global trade; a leftward arrow indicates a small lead of GDP. The white dotted line is the cone of inﬂuence above which edge eﬀects
occur (beginning-end of sample). Data Source: NIESR and ECB.
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Figure 12: Quarterly Data across Frequency Bands
The plot reports world GDP and trade decomposed by frequency bands using multiresolution wavelet analysis. Data Source: NIERS and ECB.

Frequency Band
6m − 1y
1 − 2y
2 − 4y
4 − 8y
8 − 16y
16 − 32y
> 32y

V ar(∆gdp)
0.17
0.19
0.29
0.21
0.10
0.03
0.01

V ar(∆m)
0.18
0.25
0.34
0.16
0.04
0.01
0.02

Corr(∆gdp, ∆m)
0.31
0.73
0.9
0.97
0.92
0.7
-0.82

Table 5: Variance Decomposition and Correlation across Frequencies
The table reports the variance decomposition of GDP and trade as well as their correlation between across frequency bands using the wavelet multiresolution
analysis. Data Source: NIERS and ECB.
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Figure 13: Wavelet Coherence - Annual Data
The plot reports the wavelet coherence of quarterly global GDP and global trade, which measures the comovement between these two variables across time
(x-axis) and frequency (y-axis). Warmer colors indicate higher comovement as represented in the colobar on the right-hand side. The direction of the arrows
(subject to a coherence threshold of 0.75) corresponds to the phase lag on the unit circle: for example, a vertical arrow indicates a π/2 or quarter-cycle phase
lag. Thus, a rightward arrow indicates 0 lag; a bottom-right arrow indicates a small lead of global GDP; a leftward arrow indicates a small lead of trade. The
white dotted line is the cone of inﬂuence above which edge eﬀects occur (beginning-end of sample). Data Source: IMF.

Figure 14: Annual Data across Frequency Bands
The plot reports world GDP and trade decomposed by frequency bands using multiresolution wavelet analysis. Data Source: IMF.
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Frequency Band
2 − 4y
4 − 8y
8 − 16y
16 − 32y
< 32y

V ar(∆gdp)
0.34
0.34
0.20
0.07
0.05

V ar(∆m)
0.49
0.29
0.09
0.04
0.09

Corr(∆gdp, ∆m)
0.93
0.96
0.95
0.5
0.21

Table 6: Variance Decomposition and Correlation across frequencies
The table reports the variance decomposition of GDP and trade as well as their correlation between across frequency bands using the wavelet multiresolution
analysis. Data Source: IMF.

B

Evidence from SDP on IET cyclicality

Figure 15: SDP Model with GDP as state variable - Quarterly Frequency
The plot reports the estimated parameters from the SDP model as a function of the conditioning state (upper plots) and as a function of time (lower plots). Data
Source: NIESR and ECB.
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Figure 16: SDP model with investment as state variable - Annual Frequency
The plot reports the estimated parameters from the SDP model as a function of the conditioning state (upper plots) and as a function of time (lower plots). Data
Source: IMF.

Figure 17: SDP model with GDP as state variable - Annual Frequency
The plot reports the estimated parameters from the SDP model as a function of the conditioning state (upper plots) and as a function of time (lower plots). Data
Source: IMF.
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C

Robustness Exercises
Model

MAD

Linear
SDP ∆gdp
SDP ∆gdpc
SDP pmi***
LITEW
IMF Projection

1.86
1.56
1.40 (1.43)
1.39
1.88 (1.38)
1.74

Model

MAD

Linear
SDP ∆gdp
SDP ∆gdpc
SDP pmi
LITEW***
IMF Projection

2.5
2.43
2.14 (2.06)
n.a.
1.87 (1.52)
2.06

Current Year
M AD
MSE
M AD(Linear)
4.97
1
4.00
0.84
3.95 (3.56)
0.75 (0.77)
3.38
0.75
8.21 (5.27)
1.01 (0.74)
6.60
0.94
Next Year
M AD
MSE
M AD(Linear)

8.21
7.45
5.95 (6.2)
n.a.
4.79 (3.18)
5.93

1
0.91
0. 80 (0.77)
n.a.
0.76 (0.62)
0.83

M SE
M SE(Linear)

1
0.80
0.79 (0.72)
0.68
1.65 (1.06)
1.33
M SE
M SE(Linear)

1
0.91
0.72 (0.77)
n.a.
0.63 (0.42)
0.78

Table 7: Out-of-Sample Performances - HP Filter
The table reports the performances of several model in forecasting trade in the current and next year. *** denotes forecast error statistically diﬀerent from the
linear ones at the 0.01 level. The ﬁlter employed is the HP ﬁlter, whereas the baseline results under wavelet ﬁltering are reported in parenthesis. Data Source:
IMF and Consensus Forecast.

34

Model
Linear with PMI
SDP ∆gdp
SDP ∆gdpc
SDP pmi***
LITEW
IMF Projection
Model
Linear
SDP ∆gdp
SDP ∆gdpc
SDP pmi
LITEW***
IMF Projection

Current Year
M AD
MAD
MSE
M AD(Linear)
1.42 (1.86) 3.47 (4.97)
0.76 (1)
1.56
4.00
0.84
1.43
3.56
0.77
1.39
3.38
0.75
1.38
5.27
0.74
1.74
6.60
0.94
Next Year
M AD
MAD
MSE
M AD(Linear)
2.5
2.43
2.41
n.a.
1.67
2.12

8.21
7.42
7.42
n.a.
3.76
6.18

1
0.96
0.96
n.a.
0.66
0.84

M SE
M SE(Linear)

0.70 (1)
0.80
0.72
0.68
1.06
1.33
M SE
M SE(Linear)

1
0.9
0.9
n.a.
0.46
0.75

Table 8: Out-of-Sample Performances - PMI in Linear Model
The table reports the performances of several model in forecasting trade in the current and next year. *** denotes forecast error statistically diﬀerent from the
linear ones at the 0.01 level. Baseline results for the linear model are reported in parenthesis. Data Source: IMF and Consensus Forecast.
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